Leaf Area Index (LAI) is a key structural characteristic of vegetation and plays a significant role in global change researches. Aimed at the LAI retrieval from SPOT-5 data, the paper evaluated several Look-Up- Table ( LUT) approaches for crop LAI inversion based on PROSAIL model simulation. The experiment results indicate that LUT approach based on model parameter sensitive analysis, selective parameterization is more suitable for crop LAI estimation, with a root mean square error (RMSE) of approximately 0.24 m 2 /m 2 and determination coefficient (R 2 ) of 0.82.
Introduction
Leaf area index (LAI), defined as the single sided area of green, functioning leaves per unit ground, exhibits a major control on transpiration and uptake of CO 2 by the canopy [1] . Remote sensing technology provides a cost-effective method to monitor and map LAI frequently over large area. There are two main approaches to estimated LAI from remotely sensed data. One is statistical approaches based on relationships between LAI and vegetation indices (VI). Another one is physical approaches based on radiative transfer model (RTM). Due to the difference of vegetation types, soil properties, atmospheric conditions, viewing and illumination geometry, there is no unique relationship between LAI and VI that suitable for all situations. An established statistical approach should be adjusted when it is applied for different sites or different sensors. However, the RTM inversion methods, such as ACRM model [2] , SLC model [3] , PROSAIL model [4] , are based on physical mechanism and become more applicable.
There are several techniques are used for inversion of RTM models, such as look-up-table (LUT), neural network (NN), simulated annealing (SA), genetic algorithm (GA) and other optimization techniques. The LUT methods have been proved to be more accuracy and efficient in the inversion of RTM models [5] . However, different parameters sampling methods and different parameters combinations will generate different efficiency and accuracy of LUT for retrieving LAI from satellite data. The objective of this paper is to study on retrieval of crop LAI based on PROSAIL model and SPOT-5 data, mainly focusing on the evaluation of LUT approach for crop LAI estimation in northwestern China and find a more accurate and efficient method for crop LAI retrieval from remotely sensed data.
The Study Area and Data
The study area is mainly concentrated in the Yingke Oasis in the middle reaches of the middle Heihe River. The area, located at 8 km south of Zhangye City in Gansu Province, is a typical farmland ecosystem region, and the main crops are maize and wheat. In situ data of leaf area index, leaf chlorophyll, soil spectrum and canopy spectrum were collected throughout the field campaign during 12-14 June 2013.
Radiances in green (500-590 nm), red (610-680 nm), near infrared (780-890 nm) and shortwave infrared (1580-1750 nm) wavelength regions were obtained in 10 resolution on June 13, 2013 by the SPOT-5 High Resolution Geometric (HRG) instrument for 60 km×60 km image swath. The SWIR band was originally acquired at 20 m pixel size and resampled into 10 m in order to match the other bands. Pre-processing of the data includes radiometric, atmospheric and geometric corrections. 
Methods

PROSAIL Model and Parameterization
The PROSAIL model, coupling PROSPECT leaf optical properties model and SAIL canopy bidirectional reflectance model, has been used for more than twenty years to study plant canopy spectral and directional reflectance in the solar domain and vegetation biophysical properties [6] . In this article, the PROSAIL model was selected to establish a LUT. The PROSPECT model simulates the leaf optical properties (the reflectance and transmittance) from 400 nm to 2500 nm as a function of leaf structure parameters and biochemical parameters, including leaf chlorophyll a and b content Cab, dry matter content Cm, equivalent water thickness Cw and leaf structure parameter N. The reflectance and transmittance of leaf simulated by PROSPECT are then inputted into SAIL model to simulate the canopy spectral and directional reflectance as a function of canopy structure parameters, including leaf area index LAI, average leaf angle ALA, soil reflectance ρs, hot-spot size parameter Hot and external parameters for sun zenith angle SZA, view zenith angle VZA and relative azimuth angle RSA between the sensor and sun.
An appropriate parameterization of the PROSAIL model is required for simulating four wavelength bands centered on 545 nm, 645 nm, 835 nm and 1665 nm, corresponding to green, red, near infrared and shortwave band of SPOT-5. According to the field measurements and documents [6, 7, 8] , the ranges of input parameters are shown in the table 1. Background reflectance can be a significant contributor to the canopy reflectance signal. In this article, a factor f was established based on field measured soil spectrum for quantizing the variation in soil brightness, where min soil , max soil were the minimum and maximum of field measured soil reflectance spectrum. min max
(1 ) soil f soil f soil      (1) Uniform sampling method within a range specific to each variable (input parameters) was a common way to generate the parameter combinations. However, parameters affect the reflectance value measured at satellite were different and different combinations would generate different efficiency and accuracy of LUT for retrieving LAI from satellite data. Before generation and inversion of LUT, a sensitive analysis should be conducted to analyze the parameters of PROSAIL model and a simple parameterization method was proposed for setting the interval of each variable based on sensitive analysis. The simple parameterization method (SPM), established for determining the distribution of input parameters for generation of LUT, was defined as follow:
where, () 
where, i  was the weight of parameterization.
Generation and Inversion of LUT
Based on the sensitive analysis and parameterization, an eight-dimensional LUT was made, as shown in Table 2 . The size of LUT was varied with the parameter scale, in order to prevent too-wide parameters spaces and to reduce the size of the parameter spacing, improving the computational speed, the maximum and minimum values of parameters were fixed based on field data collection, the size of parameter spacing was determined by Eq. (3) . Finally, the scale was fixed on 0.4 and the sample number of each parameter was shown in the table 2. The inversion of LUT was made by minimize the RMSE between reflectance observed by SPOT-5 and reflectance found in LUT. So that, a price function was constructed below: Due to the ill-posed inversion problem, the minimum RMSE 1  may be generated by several combinations of parameters, that is, the solution of LUT inversion is not unique. To overcome this problem and to enhance the consistency of the estimated parameters, the average of parameters that yield the smallest RMSE is considered as the solution and the variance of parameter is taken as uncertainty of inversion.
Results
Inversion and Validation of LAI
The LUT-based inversion of the PROSAIL model was performed to estimate LAI from remotely sensed data SPOT-5. Field measured LAIs over an ESU (Elementary Sampling Unit) were averaged to represent the field true value and the statistical variance of those LAIs was considered as uncertainty of measurement. LAI retrieved from SPOT-5 was compared directly with field ESU-based LAI to evaluate LUT approach for crop LAI estimation in northwestern China. The estimated LAI versus measured LAI were shown in the Figure 3 . The accuracy of the LAI estimation was evaluated using the root mean square error RMSE and correlative coefficient R 2 between estimated LAI and measured LAI. Figure 3 showed that the RMSE was 0.31 m 2 /m 2 and R 2 is 0.65, indicating that the proposed method produced a good result with average inversion uncertainty of 0.23.
To evaluate the LUT approach for crop LAI estimation, different LUT generators and different price functions were also discussed in this section. LUT with size of 390625 generated by uniform combination (UC-based) of model variables and LUT with size of 102060 generated by uniform random sampling (UR-based) were compared with LUT generated based on SPM (SPM-based). One more price function was established for LAI estimation, considering the effect of expectations of model variables (Eq. (5)). The results were shown in table 3. With the similar size, the inversion accuracy of LUT generated by uniform combination was the lowest, with RMSE of 0.53 m 2 /m 2 and R 2 of 0.50. With the increasing of space of parameters, the size of UC-based LUT was significantly increased. However, the increasing of the size of UC-based LUT did not make help for improvement of inversion accuracy. UC generator considered all combinations, but the unreasonable weight of parameterization caused the final inversion bias, making a lower accuracy of LAI estimation. UR-based generator was used to identify the space of parameters according to ( ) ( ) ( ) K n a b a rand n     , where K was parameter, a and b were the minimum and maximum of parameters, n was the number of combinations (e.g., 102060).
UR-based generator was fully considering the space distribution of each parameter and the resource requirement of LUT computation. The result of LAI estimation using UR-based LUT was better, with RMSE of 0.35 m 2 /m 2 and R 2 of 0.60. SPM-based generator described in section 3.2 considered the sensitive of parameters during LAI retrieval from specific remotely sensed data. With a reasonable parameterization, the RMSE between measured LAI and estimated LAI was smaller, with RMSE of 0.31 m 2 /m 2 . Different cost functions provided different accuracy of LAI retrieval using LUT method.
The cost function introduced with expectation value of field measurements provided higher accuracy, with RMSE of 0.24 m 2 /m 2 and R 2 of 0.82. 
Discussions and Conclusions
LUT provides an easy way to invert the PROSAIL model by permitting a global search and avoids local minima while showing less unexpected behavior when the spectral characteristics of the targets are not well represented by the simulated spectra, comparing to iterative optimization techniques and neural network methods. To achieve a high accuracy for LAI estimation, the size of LUT must be large enough to consider all situations of input parameters, which will cause inefficiency for computation. Different methods for combining input parameters are comparatively analyzed in this study. The table 3 indicates that a proper combination of input parameters is important for LUT inversion and the LUT generation using sensitive analysis of PROSAIL model is producing a better result of LAI inversion with RMSE of 0.31 m 2 /m 2 , whereas the RMSE of UR-based LUT inversion result is 0.35 m 2 /m 2 . These results may be because the sensitivity of PROSAIL model parameters to remote sensing data is different. Before PROSAIL-based LUT generation, it is necessary to carry out sensitive analysis of input parameters in order to set a more proper combination for building an efficient LUT. For example, the parameter N is not sensitive to SPOT-5 data (as shown in figure 2 ), in some studies, such parameters can be simplified and fixed on an expectation value or given a few sampling in order to improve computation efficient and keep a good accuracy simultaneously.
The study is focus on crop LAI inversion based on PROSAIL model and LUT method, investigating the performance of LUT-based inversion, including LUT sizes, parameters combinations and cost functions. Based on sensitive analysis of parameters in LUT and introduction of expectation value in cost function, the LUT-based method yielded the highest RMSE and R 2 for LAI estimation.
